The winter North Atlantic Oscillation (NAO) has varied on interannual and decadal timescales over the last century, associated with variations in the speed and latitude of the eddy-driven jet stream. This paper uses hindcasts from two operational seasonal forecast systems (the European Centre for Medium-range Weather Forecasts's seasonal forecast system, and the U.K. Met Office global seasonal forecast system) and a century-long atmosphere-only experiment (using the European Centre for Medium-range Weather Forecasts's Integrated Forecasting System model) to relate seasonal prediction skill in the NAO to these aspects of jet variability. This shows that the NAO skill realized so far arises from interannual variations in the jet, largely associated with its latitude rather than speed. There likely remains further potential for predictability on longer, decadal timescales. In the small sample of models analyzed here, improved representation of the structure of jet variability does not translate to enhanced seasonal forecast skill.
Introduction
The leading mode of variability in the large-scale circulation over the North Atlantic in winter is the North Atlantic Oscillation (NAO), which strongly impacts the weather and climate in the Euro-Atlantic sector. Seasonal hindcasts performed using current-generation dynamical forecast models have demonstrated encouraging skill in forecasting the winter NAO (Derome et al., 2005; Dunstone et al., 2016; Müller et al., 2005; Palmer et al., 2004; Rodwell & Doblas-Reyes, 2006; Scaife et al., 2014) and the related Arctic Oscillation (Riddle et al., 2013) .
Interestingly, the level of skill itself appears to vary on decadal timescales (see, e.g., Müller et al., 2005; Shi et al., 2015) . To investigate this variation, an ensemble of atmospheric seasonal hindcast experiments using the European Centre for Medium-range Weather Forecasts (ECMWF)'s Integrated Forecasting System model for the period 1900-2009 was created to explore the skill in predicting the winter NAO over a long period . This study found interdecadal variations in predictive skill (with larger skill in recent decades than for decades in the mid-twentieth century), which appear to be physically based, as the skill covaries with the characteristics of the general circulation itself (see also O'Reilly et al., 2017) .
While the NAO is most often defined in terms of variations in sea level pressure in the Northern Hemisphere, the underlying dynamics are related to variability of the Atlantic eddy-driven jet stream associated with eddy-mean flow interactions (Thompson et al., 2013) . Specifically, the NAO reflects changes in both the speed and latitude of the jet stream. These two features are linearly independent in their interannual variability (Woollings et al., 2014) and likely sensitive to different dynamical drivers (Baker et al., 2018) . Jet latitude and jet speed therefore provide two potentially independent pathways for predictable signals to emerge in the NAO. These may also occur on different timescales, since over the last century the NAO has been more strongly affected by the jet latitude on interannual timescales but by the speed on decadal timescales (Woollings et al., 2015) . An additional complexity, however, is that the decadal variations in jet speed can modulate the amount of variability in latitude on shorter timescales, with decades where the jet was strong and steady being interspersed with decades where the jet was weak and variable .
Given the weak but significant correlation of 0.31 (p value <0.001) between the observed and predicted winter NAO found in the ensemble of long seasonal hindcasts by Weisheimer et al. (2017) , the current work aims to examine possible sources of this predictive skill. In particular, this study seeks to determine whether the skill arises from skill in the prediction of the latitude of the eddy-driven North Atlantic jet, or from prediction of the jet speed, or a combination of the two. Furthermore, the current research aims to determine whether the experimental seasonal hindcasts exhibit the same relationship between the NAO and jet latitude and speed as is observed in a reanalysis data set. The analysis is also applied over a shorter hindcast period to two operational models: the fifth generation ECMWF and U.K. Met Office global seasonal forecast systems.
Data and Methodology

Data
Reanalysis data are taken from the ECMWF twentieth century reanalysis (ERA-20C; Poli et al., 2016) . This covers the period from 1900-2010 and is generated by assimilating only surface pressure and marine wind observations. The behavior of the jet is similar in the ERA-20C and the National Oceanic and Atmospheric Administration Twentieth Century Reanalysis (20CR; Compo et al., 2011) , the other existing long reanalysis data set . For the shorter period covered by the operational model re-forecasts, reanalysis data are taken from the Interim ECMWF Reanalysis (ERA-Interim, herein ERAI; Dee et al., 2011) .
A long atmospheric seasonal hindcast experiment for boreal winters from 1900-2009 (ASF-20C) was performed by Weisheimer et al. (2017) using the atmospheric component of the ECMWF's Integrated Forecasting System model. The hindcasts were carried out with an atmosphere-only model, prescribing observed sea surface temperatures (SSTs) as the lower boundary. Feedbacks from the atmosphere onto the SSTs are neglected, and the model assumes perfect atmospheric forcing from the SSTs. The global atmospheric seasonal forecast data set consists of 51 ensemble members, with forecasts initialized on 1 November of each year using ERA-20C, and run to the end of February of the following year. Boreal winter seasons of December to February are labeled according to the year in which the forecasts were initialized.
We also analyze hindcasts from the more recent, fifth generation of the ECMWF seasonal forecasting system (SEAS5; Johnson et al., 2018) . SEAS5 includes updated atmospheric and ocean models and adds an interactive sea ice model. This is a slightly different model version from that used in the ASF-20C experiment, and the horizontal resolution is about doubled. Data from the 25-member ensemble initialized on 1 November, and extending 7 months into the future, are available for the years 1981-2016.
For comparison, hindcast data from the fifth generation U.K. Met Office operational global seasonal forecast system (GloSea5; MacLachlan et al., 2015) is also considered. This model has approximately 50 km atmospheric resolution and includes an ocean model with interactive sea-ice. The hindcasts cover the winter period for the years 1993-2015, and here consist of 21 ensemble members, with seven members initialized on each of 25 October, 1 November, and 9 November every year.
For both operational seasonal hindcasts, data from the common period of 1993-2009 are used so that the impact of the different models on the results is made from a basis in which as much data as possible remains fixed, making any attributions clearer.
Methods
The latitude and speed of the eddy-driven jet is calculated following Woollings et al. (2010) . Here, the daily mean zonal wind at 850 hPa is zonally averaged over a longitudinal sector of 0-60 • W over the North Atlantic, and neglecting winds poleward of 75 • and equatorward of 15 • . A 9-day running mean of the resulting field is then calculated, but the data are not low-pass filtered as in Woollings et al. (2010) since the seasonal forecast data do not cover the full calendar year. The jet speed is then defined as the maximum zonally-averaged westerly wind speed for each day, using the 9-day running mean centered on that day, and the jet latitude as the latitude at which this maximum is identified. Seasonal means (December to February) are calculated as simple averages for each year, without the Fourier filtering applied by Woollings et al. (2010) and thus no deseasonalizing of the daily data is performed here. As stated by the authors, results are not qualitatively different if the low-pass filtering is omitted or the winds at one isobaric level only are used.
Statistical significance of correlations is estimated using a t test based on an effective sample size:
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Here, the reference NAO index is defined as the principal component (PC) of the leading empirical orthogonal function (EOF) of 500-hPa geopoential height anomalies in the Atlantic sector (90 • W to 30 • E, 30-90 • N) from the ERA-20C reanalysis data . This index is in very good agreement with other estimates of the NAO, correlating with the PC-based sea level pressure index at 0.96 (Hurrell et al., 2003) . The same method is applied to the ERAI data to obtain a reference NAO index over the shorter analysis period. The ASF-20C forecast NAO index is obtained by projecting the individual ensemble members onto the ERA-20C reference EOF , and the same projection method is applied to the SEAS5 and GloSea5 ensembles with respect to the ERAI reference EOF.
Results
Seasonal Jet Analyses
The time series of seasonal mean jet latitude and speed for the various forecast ensembles versus the reanalyses are shown in Figure 1 . The correlation skills of the ASF-20C ensemble mean jet latitude and speed with ERA-20C (Figures 1a and 1b ) are both statistically significant, although very low (0.25 and 0.21, respectively). The verification data for jet latitude for all but 13 years and for speed for all but 10 years are within the model spread. In general, the ASF-20C hindcasts exhibit a positive bias in jet strength, with the median and mean jet speed greater than the reanalysis seasonal mean for the majority of the forecast period. The results in Woollings et al. (2017) suggest that the mean state bias in jet strength may impact jet variability in models, and this is investigated in section 3.3.
In order to assess the impact of different models on the results, we now compare the ASF-20C, SEAS5, and GloSea5 ensemble means with ERAI over the common period of December 1993 to February 2010, or 17 winter seasons (Figures 1c and 1d ). In this way the different models are compared with the same reanalysis over the same period, and thus, no additional complexity is introduced as a result of, for example, PARKER ET AL. 10,161 longer-term variability, or the sampling issue associated with the uncertainties related to the exact hindcast length. For the ASF-20C ensemble mean jet latitude the correlation with ERAI has increased compared with that for the 110-year experiment with ERA-20C. This suggests that the recent period was potentially more predictable than the century as a whole, as discussed in section 1. This higher correlation is no longer significant at the 95% level due to the shortness of the period used, but with a p value of 0.08 is close to significant. The other systems show weaker correlations and no significant skill over this period (see legends in Figure 1 ). The shortness of this period is clearly a limitation in assessing hindcast skill. For completeness, the time series and correlations for the full hindcast periods for SEAS5 and GloSea5 are shown in Figure S1 in the supporting information. Given that there is very little variability in the ensemble means in terms of absolute units, Figure S2 shows the observations and the ensemble means on separate axes.
It is of interest to determine the timescales on which the skill in ASF-20C is realized. An 11-year running mean of the jet latitude and speed is first used to determine that part of the time series that varies on approximately decadal timescales (the "slow" component). Subtracting these slow components from the full time series for jet latitude and speed yields time series that vary on shorter than decadal timescales (the "fast" component). Of these, only the fast component of the jet latitude shows a significant correlation; the fast component of jet speed and the slow components of both jet speed and latitude show no significant correlation between ERA-20C and the ASF-20C ensemble mean, although the correlation for the slow jet speed is relatively high (Table 1) . Similarly, removing the 31-year running mean, which represents variations on multidecadal timescales, results in statistically significant correlations for the fast component of both the jet latitude and speed. The slowly varying components are, in contrast, not statistically significantly correlated with the observations, although the correlation for slow jet speed is relatively high (Table 1 ). In summary, for both of the time windows used here, any skill in predicting the jet indices comes from the fast component of the variance.
Link to the NAO
For the period 1900-2009, the ASF-20C ensemble mean anomaly correlation coefficient for the NAO index is 0.31 and is highly statistically significant . While still low, this correlation is higher than those for the jet indices, suggesting that the model may be achieving skill in the NAO from both of the independent jet features. To test this, a multiple linear regression is performed to determine the relationship between the NAO and the jet latitude and speed. The intention is to attribute the predictable signal in the NAO to either jet latitude or speed, or both. As this is a simple linear approach, it ignores the non-stationarity in the NAO, which likely has a slightly different spatial pattern on different timescales (Woollings et al., 2015) .
The regression coefficients for the ASF-20C ensemble mean NAO are 0.66 for jet latitude and 0.38 for speed, combining to explain 57% of the variability in the NAO. The corresponding coefficients for ERA-20C are 0.74 for jet latitude and 0.35 for speed, explaining 67% of the variability in the reanalysis NAO (Figure 2a ).
Although these values appear different, Figure 2c reveals that the observed regression values are in fact captured within the range of behavior in the model ensemble. There is clearly a considerable spread in the ensemble regression coefficients, even when using the full 110-year period.
PARKER ET AL. 10,162 PARKER ET AL. 10,163 For the period 1993-2009, the correlation skill for the NAO index with ERAI is 0.32 for ASF-20C, −0.07 for SEAS5 and 0.39 for GloSea5, but none of these are statistically significant (Figure 2b) . Focusing on the shorter, common period, gives an even larger spread between ensemble members, though some interesting features are apparent. First, the ASF-20C ensemble remains consistent with the observations (Figure 2d ). The SEAS5 ensemble is also consistent with the observations (Figure 2e ), even though there is noticeable weakening of the link between jet speed and the NAO, when compared with ASF-20C. The GloSea5 ensemble appears to show a discrepancy from the observations in that the model NAO is too strongly related to jet speed and too weakly to latitude.
To diagnostically attribute skill in the NAO to the jet features, we use the multiple linear regression approach for the ASF-20C data. For both the 11-year and 31-year running means, jet latitude and speed on both fast and slow timescales are used as the four predictors for the NAO. This gives an estimated time series for the NAO reconstructed only from information of the jet indices. These individual components are removed one by one to determine their contribution to the NAO skill. The full correlation between the observed ERA-20C NAO, and the reconstructed ASF-20C ensemble mean NAO calculated using multiple linear regression, is 0.39 for the 11-year running mean time window, and 0.42 for the 31-year running mean. Table 2 shows the correlations obtained after the component for each of the four predictors is removed from the reconstructed ASF-20C ensemble mean NAO. The clear result is that only the faster components of jet latitude appreciably reduce the correlation skill of the calculated NAO (by approximately 0.18; these changes in skill are shown in italics). The effect on the correlation skill is negligible for the other components, and for faster components of speed the skill actually increases slightly when those coefficients are neglected.
From this simple linear approach using multiple linear regression, it is apparent that in ASF-20C at least, the only source of predictability in the NAO that can be significantly attributed to the jet is that due to fast variations in jet latitude.
Distributions of Jet Speed and Jet Latitude
We now investigate the models' representation of jet variability in more detail. Probability density functions (PDFs) of jet speed and latitude are shown in Figure 3 . For each model ensemble the separate PDFs of latitude and speed are shown, as well as the joint 2-D distribution. The kernel method of Silverman (1981) has been used to estimate the PDFs (e.g., Woollings et al., 2010) . The trimodal distribution of jet latitude (Woollings et al., 2010) is reasonably well represented in the models, although the southerly jet regime appears lacking in the GloSea5 forecast ensemble.
Defining the three regimes based on the PDFs in Figure 3 (and in agreement with Masato et al., 2016) , the northerly (N) and southerly (S) regimes are defined for jet latitudes above 51 • N and below 39 • N, respectively. For all three forecast ensembles, the strongest wind speeds occur when the jet is in the central (C) regime, in agreement with Woollings et al. (2010) and Woollings et al. (2017) .
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The distributions are generally reproduced well by all systems, especially in comparison to older models (e.g., Hannachi et al., 2013) . The ASF-20C ensemble overestimates the speed of the jet stream by a few meters per second (Figure 1b) . It also shows a narrower distribution of jet latitude than the reanalysis, with a greater than observed occurrence of the C regime and a lesser occurrence of the N and S regimes (Figure 3a) . At several latitudes, the reanalysis distribution lies outside the ensemble spread. An analysis of the frequency of events lasting 5 days or more for each of the regimes reveals that the number of long-lived events is underrepresented in the model for the N and S regimes, particularly for events lasting more than 20 days (not shown). For the shorter common period (Figure 3b ) the ensemble mean distribution for ASF-20C exhibits similar behavior as for the full 110-year hindcast ensemble, although with a weaker discrepancy.
Turning to the other systems, the SEAS5 ensemble (Figure 3c ) shows very similar distributions to the ERAI reanalysis, with the verification data lying mostly within the ensemble spread. In contrast, the GloSea5 ensemble ( Figure 3d ) exhibits biases in the shape of the jet latitude distribution, with the verification data lying outside the ensemble spread at many latitudes.
For the ASF-20C ensemble, a simple histogram of the standard deviation of jet latitude in each ensemble member (not shown) reveals that the observed standard deviation for both seasonal mean and daily values (∼3.7 • and 8.5 • , respectively) lies outside the model distribution (∼2.6-3.4 • and 7.4-8 • , respectively), indicating that the variability in jet latitude is underestimated in the hindcasts. This is consistent with the relationship identified by Woollings et al. (2017) , indicating that the bias toward a stronger jet in the model could contribute to an underestimate of the jet latitude variability.
Discussion
This paper has examined the contributions from interannual and decadal variations in jet latitude and jet speed to the winter NAO skill in model hindcasts. This has been enabled particularly by the unprecedented size of the seasonal hindcast experiment ASF-20C, which is based on the ECMWF's atmospheric model and covers the boreal winter seasons from 1900-2009 using 51 ensemble members. Operational model hindcasts have also been investigated, but the short hindcast periods of these has limited the conclusions that can be drawn.
The ASF-20C seasonal hindcast experiment has demonstrated significant skill in capturing the fast (i.e., interannual) variations of jet latitude and, to a lesser extent, jet speed. The skill in prediction of the NAO in this experiment has been found to be dominated by the skill in predicting the fast variations in jet latitude. Further improvement in seasonal prediction of the NAO seems possible in this model, as the jet in the experiment is shown to be biased strong, at least over the longer period, and to underestimate the variability in latitude which is the major source of NAO skill.
In contrast, the slow, decadal variations in both latitude and speed are not captured, despite the pronounced multidecadal variability in jet speed in the reanalysis. This suggests that different processes are responsible for NAO variability on the decadal timescales, and hence that there may remain untapped sources of NAO skill, particularly on the longer timescale. The flip side of this, however, is that forecasting skill on the seasonal timescale in a model may not automatically translate to skill on longer timescales.
The models in general have a reasonable simulation of the Atlantic jet and its variability in latitude and speed, albeit with some discrepancies in individual cases. However, there is not a clear link between a model's simulation of the jet mean state characteristics and its skill in a prediction sense. For example, the ECMWF SEAS5 model was found to have the best representation of the jet latitude and speed distributions, but yet was not found to have significant skill in predicting either of these quantities or the NAO. This suggests that the major problem in this case lies not in the internal jet stream dynamics but in the pathways by which predictable drivers affect the jet stream.
It is interesting that, despite higher skill in predicting the NAO than other systems, the U.K. Met Office seasonal prediction system, GloSea5, appears to misrepresent the close link between the NAO and the jet indices. This could be important, since the jet latitude dominates the observed NAO, and has also been identified here as the clearest source of NAO skill. This discrepancy could contribute to the signal-to-noise issue in GloSea5, as predictable signals in jet latitude may not translate to as large a signal in terms of NAO index in the model as in observations. PARKER ET AL. 10,166
